Both vegetation phenology and net primary productivity (NPP) are crucial topics under the background of global change, but the relationships between them are far from clear. In this study, we quantified the spatial-temporal vegetation start (SOS), end (EOS), and length (LOS) of the growing season and NPP for the temperate grasslands of China based on a 34-year time-series normalized difference vegetation index (NDVI) derived from global inventory modeling and mapping studies (GIMMS) and meteorological data. Then, we demonstrated the relationships between NPP and phenology dynamics. The results showed that more than half of the grasslands experienced significant changes in their phenology and NPP. The rates of their changes exhibited spatial heterogeneity, but their phenological changes could be roughly divided into three different clustered trend regions, while NPP presented a polarized pattern that increased in the south and decreased in the north. Different trend zones' analyses revealed that phenology trends accelerated after 1997, which was a turning point. Prolonged LOS did not necessarily increase the current year's NPP. SOS correlated with the NPP most closely during the same year compared to EOS and LOS. Delayed SOS contributed to increasing the summer NPP, and vice versa. Thus, SOS could be a predictor for current year grass growth. In view of this result, we suggest that future studies should further explore the mechanisms of SOS and plant growth.
Introduction
Vegetation phenology is a sensitive and critical renewal indicator that presents vegetation change in response to climate change because vegetation phenology plays an important role in many biological processes, such as the carbon balance of the ecosystem [1] . The SOS and EOS (start and end of the growing season dates) are the most frequently measured phenology indicators, so the growing season length is defined as the difference of the SOS and EOS. Under the background of dramatic global climate change [2] , rapid shifts in plant phenology will influence terrestrial ecosystems' structures and functions, as these shifts affect vegetation surface albedo, heat flux, and even water and carbon exchange [3] [4] [5] . Numerous studies have documented plants' phenological responses to recent climate change across a wide range of different zones, but no comprehensive conclusion has been reached because the mechanisms that drive long-term changes in phenology are still unclear [6, 7] . The ecosystem's carbon cycle is vital to humans from a natural environmental and economic perspective [8] . The net primary global inventory modeling and mapping studies. This dataset was assembled from several AVHRR (Advanced Very-High-Resolution Radiometer) and SeaWiFS (Sea-Viewing Wide Field-of-View Sensor) sensors, and the algorithm improved the quality of the results by accounting for deleterious effects, such as calibration loss, orbital drift, volcanic eruption, solar zenith angle, etc. [24] . This version's dataset has a 0.05 degree (about 8 km) spatial resolution and a semimonthly maximum value composite (MVC) in a time series.
Sustainability 2019, 11, x FOR PEER REVIEW 3 of 17 global inventory modeling and mapping studies. This dataset was assembled from several AVHRR (Advanced Very-High-Resolution Radiometer) and SeaWiFS (Sea-Viewing Wide Field-of-View Sensor) sensors, and the algorithm improved the quality of the results by accounting for deleterious effects, such as calibration loss, orbital drift, volcanic eruption, solar zenith angle, etc. [24] . This version's dataset has a 0.05 degree (about 8 km) spatial resolution and a semimonthly maximum value composite (MVC) in a time series. Figure 1 . The spatial distribution of grassland vegetation in the temperate grassland zone of China.
Meteorological Data
Three types of monthly meteorological data (precipitation, temperature, and radiation) were downloaded from the National Meteorological Information Center (http://data.cma.cn/data). The grid meteorological data matching the NDVI resolution were interpolated using the Partial Thin Plate Smoothing Splines method based on topography via the ANUSPLIN software (version 4.3) [25] .
Land Cover
The grassland was distributed according to the land-use dataset, WESTDC (version 2.0), prepared by the Cold and Arid Regions Environmental and Engineering Research Institute of China, National Natural Science Foundation of China (http://westdc.westgis.ac.cn). This land-use dataset was produced by the Chinese Academy of Sciences from aerial photographs and Landsat TM (Thematic Mapper) and ETM (Enhanced TM) images, combining 1:100,000 land-use map field surveys.
Phenological Metrics Extraction
Although the GIMMS NDVI has been corrected several times [24] , there remains perceptible residual noise in the time-series NDVI due to the atmosphere (cloud, dust, etc.), sensors, and surface bidirectional reflectance, which affects dataset continuity, necessitating an effective algorithm to reduce the influence of noise to improve the quality of the time-series values. Plenty of noisereduction methods (smoothing methods) for reconstructing time-series have been proposed and are frequently used, such as the best index of slope extraction [26] , Savitzky-Golay filtering (SG) [27] , Asymmetric Gaussian fitting [28] , etc., but there is still no conclusive evidence that any one method is stronger than the others. In this study, SG was chosen to reduce drop-outs, gaps, and needlepoint humps from the NDVI time-series curve. After smoothing, we reconstructed the semimonth time- 
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Phenological Metrics Extraction
Although the GIMMS NDVI has been corrected several times [24] , there remains perceptible residual noise in the time-series NDVI due to the atmosphere (cloud, dust, etc.), sensors, and surface bidirectional reflectance, which affects dataset continuity, necessitating an effective algorithm to reduce the influence of noise to improve the quality of the time-series values. Plenty of noise-reduction methods (smoothing methods) for reconstructing time-series have been proposed and are frequently used, such as the best index of slope extraction [26] , Savitzky-Golay filtering (SG) [27] , Asymmetric Gaussian fitting [28] , etc., but there is still no conclusive evidence that any one method is stronger than the others. In this study, SG was chosen to reduce drop-outs, gaps, and needlepoint humps from the NDVI time-series curve. After smoothing, we reconstructed the semimonth time-series NDVI dataset Sustainability 2020, 12, 12 4 of 17 ( Figure 2 ). To detect the phenology of each year for each date, the daily NDVI must be obtained. We interpolated the semi-month NDVI with Julian days using a six degree polynomial function [6] .
where NDVI is the daily NDVI values from interpolation, is defined as the average of the ten maximum daily NDVIs, and is the average of the ten minimum daily NDVIs. The purpose of using the average is to weaken the influence of extreme values. The is the output ratio. Then, we used an equal to 25% as the threshold to extract the SOS and a ratio equal to 30% for the EOS [30, 31] . Hence, LOS was calculated as the difference between the SOS and EOS.
Figure 2.
Method for Savitzky-Golay filtering (SG) and retrieving the start (SOS) and end (EOS) of the growing season dates based on the normalized difference vegetation index (NDVI) time series.
NPP Estimation
Field measurements of NPP are only practical for small areas and always lack long-term continuous records. For larger regional scale areas and temporal continuous series data, model calculation is considered to be an effective alternative for estimating the historical NPP. Though a variety of models have been created for NPP estimation and other components of the carbon cycle, the CASA (Canegie-Ames-Stanford Approach) model is an excellent light-use efficiency model, which has been applied and verified in many different areas [32] [33] [34] [35] .
The basic principle of the CASA model equation is applied to the spatial region as follows:
where x is the spatial location (pixels) and t is a certain time node. APAR is obtained by
where FPAR is the fraction of the photosynthetic active radiations absorbed by the vegetation canopy; The dynamic threshold method [29] was selected to detect phenology with the reconstructed NDVI series. Each pixel time-series NDVI in one year was assessed with a transformation, as per Equation (1):
where NDVI is the daily NDVI values from interpolation, NDVI max is defined as the average of the ten maximum daily NDVIs, and NDVI min is the average of the ten minimum daily NDVIs. The purpose of using the average is to weaken the influence of extreme values. The NDVI ratio is the output ratio. Then, we used an NDVI ratio equal to 25% as the threshold to extract the SOS and a ratio equal to 30% for the EOS [30, 31] . Hence, LOS was calculated as the difference between the SOS and EOS.
where x is the spatial location (pixels) and t is a certain time node. APAR is obtained by where FPAR is the fraction of the photosynthetic active radiations absorbed by the vegetation canopy; SOL is the total solar radiation (MJ/m 2 ); and the constant 0.5 stands for the fraction of solar radiation that can be used by the vegetation.
where T 1 and T 2 are the temperature stress effects on the light use efficiency of vegetation. W is the moisture stress effect. max is the maximum light use efficiency under optimum conditions, which is set as 0.389 gC/MJ in this study area. More details on the CASA model can be found in references [35] [36] [37] .
Analysis and Statistics
The Theil-Sen median slope estimate [38, 39] was applied to temporal linear trend regression, as this estimate is more robust, effective, and unaffected by the outlier trend detection method than least squares regression. This method chooses the median slope among all lines through paired sample points for a general linear regression model, as follows:
where x and y are variables; α is interception; β is the slope of a monotonous straight line; and is the residual of fit. For a time series Y = y p , y p+1 , . . . , y p+n , the independent value is the continuous year ordinal. The Theil-Sen slope β is calculated as follows:
The piecewise regression model [40] was adopted to detect the turning points of the time series variation.
what separates piecewise regression from general linear regression is that piecewise regression contains extra x p as turning points. In order to determine reasonable turning points, we constrained x p within an artificial range. The Pearson correlation coefficient was used to measure the relationship of two variables in each pixel [41] . Before calculating the coefficient, Min-Max Normalization was applied to each variable. All data processing was performed in the R software (version 3.4).
Model Validation
The grassland green-up and withering periods were acquired from the Inner Mongolia Meteorology Station, and the grassland biomass data were measured from 63 quadrate plots in August 2009. Figure 3a ,b shows the correlation between the field-observed and NDVI-derived phenology (SOS and EOS). Both were marginally significant, with an R 2 of 0.29 and 0.25 (p < 0.05) and a root mean square error (RMSE) of 7.6 and 13.6 d, respectively. These relationships are similar to those of a previous study on temperate vegetation in China [20] . Figure 3c presents the result of the correlation analysis between the field-observed NPP and the CASA-modeled NPP. The correlation was significant (R 2 = 0.61, p < 0.01, n = 63), which suggests that the accuracy of the model's results was sufficient, and that the CASA model can be used to estimate the changes in actual NPP for the temperate grassland of China. 
Result

Mean Spatial Patterns of Phenology and NPP
The spatial patterns of the average phenology metrics (SOS, EOS, and LOS) over the past 32 years (1982-2013) are depicted in Figure 4 . The SOS ranged chiefly from approximately 100 d (Julian days, the same below) to 120 d, which accounted for 98.7% of the total grassland area. Only 1.3% of the areas began the growing season outside of this range. Furthermore, the SOS were divided into two main groups. Early SOS (before 110 d) was found in the typical grasslands of Inner Mongolia (e.g., the west of Hulubiur, Xilin Gol, and the north of Ulanqab), while the later SOS (after 110 d) was mainly found in the rest of the study area (e.g., the Songneng Plain of China and the Loess Plateau) ( Figure 4a ). The EOS had a very dominant range of 258-276 d, which accounted for 97.3% of the total grassland area. In contrast with the SOS spatial distribution, the EOS of the typical grassland in Inner Mongolia and the Loess Plateau appeared later than the EOS of other areas (Figure 4c ). The LOS spatial pattern was generally similar to that of EOS ( Figure 4e ). The long-term mean NPP ranged from 27.2 to 463.6 gC/m 2 , with a decreasing trend from southeast to northeast, which was dependent on precipitation distribution due to decreases in monsoon moisture from the near coastal area to the inland (Figure 5a ).
Spatial Pattern of Phenology Trend and NPP
Between 1982 and 2015, for SOS, about 76% of the pixels showed a decreasing trend, which indicates advanced SOS (with 47% of the whole study area significantly decreasing), while the increasing trend of about 24% of the pixels indicates a delayed SOS (with 9.5% significant increase) ( Figure 4b ). Thus, the SOS with significant changes accounted for approximately 56.5% of the pixels over the study area, and the rest of the area showed no significant trend. Furthermore, in this significantly changed area, the mean dates of the SOS advanced at an average rate of 1.52 ± 1.04 (mean ± sd) d/decade, which mainly occurred in Hulunbuir, northeast of Xilin Gol, and south of the study area. A delayed SOS by an average rate of 1.45 ± 1.03 d/decade was extensively observed in the central region of Xilin Gol, Chifeng.
For EOS (Figure 4d ), about 49.3% (with 32.2% pixels significant) experienced a decreasing trend (advanced EOS), and 50.3% (with 30.6% pixels significant) showed an increasing trend. Thus, both types of significant changes accounted for approximately 62.8% of the study area over the past 34 years. The EOS trend's spatial pattern was generally opposite to the SOS pattern: The north and south parts of the study area showed an increasing trend, while the middle part showed a decreasing trend. The average change rates of the significantly delayed and advanced trends were 2.72 ± 1.72 d/decade and 2.52 ± 1.69 d/decade, respectively.
Because the spatial patterns of the SOS and EOS trends were in the opposite direction of the patterns that advanced to the SOS area and were broadly consistent with the delayed EOS area, and because the delayed SOS area was broadly consistent with advanced EOS, the variable of LOS was 
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Spatial Pattern of Phenology Trend and NPP
For EOS (Figure 4d ), about 49.3% (with 32.2% pixels significant) experienced a decreasing trend (advanced EOS), and 50.3% (with 30.6% pixels significant) showed an increasing trend. Thus, both types of significant changes accounted for approximately 62.8% of the study area over the past 34 years. The EOS trend's spatial pattern was generally opposite to the SOS pattern: The north and south parts of the study area showed an increasing trend, while the middle part showed a decreasing trend. The average change rates of the significantly delayed and advanced trends were 2.72 ± 1.72 d/decade and 2.52 ± 1.69 d/decade, respectively. on the trends of LOS: The northern region (i.e., the Hulunbuir area), the middle region, including Xilin Gol, Hanshandak, and Ulanqab (i.e., between 41° and 46°N), and the southern region (i.e., south of 46°N). Compared with the other two parts, almost all the pixels of the Hulunbuir region exhibited opposite trends of NPP and LOS, where the NPP was negative and the LOS was positive (Figure 5b ). In most pixels in the other two regions, the NPP trends were consistent with the LOS trend in which the middle region was negative, and the south was positive. Because the spatial patterns of the SOS and EOS trends were in the opposite direction of the patterns that advanced to the SOS area and were broadly consistent with the delayed EOS area, and because the delayed SOS area was broadly consistent with advanced EOS, the variable of LOS was intensified. Indeed, the LOS spatial pattern was similar to that of EOS, and the trend rate was more dramatic (Figure 4f ). The mean significant increasing and decreasing trends were 3.92 ± 1.83 d/decade and 3.23 ± 2.38 d/decade, respectively. The NPP spatial pattern can be divided into three parts based Sustainability 2020, 12, 12 8 of 17 on the trends of LOS: The northern region (i.e., the Hulunbuir area), the middle region, including Xilin Gol, Hanshandak, and Ulanqab (i.e., between 41 • and 46 • N), and the southern region (i.e., south of 46 • N). Compared with the other two parts, almost all the pixels of the Hulunbuir region exhibited opposite trends of NPP and LOS, where the NPP was negative and the LOS was positive (Figure 5b ). In most pixels in the other two regions, the NPP trends were consistent with the LOS trend in which the middle region was negative, and the south was positive. 
Phenology Trends over Different Trend Zones
The previous section (3.2) exhibited the spatial distribution of three types of trends: A significant increase, a significant decrease, and an insignificant change. To further understand the characteristics of temporal change, we present the interannual variation of the different trend zones ( Figure 6 ). Through piecewise regression, we determined that the turning point occurred around 1997. Figure 6a depicts the interannual SOS variation of each region from 1982 to 2015. The whole area showed a slightly significantly decreasing trend (−0.067 d/decade, p < 0.05, not marked in the figure) . Notably, the increasing trend's SOS (green line) occurred earlier than the decreasing trend's SOS before 1997, but was later after 1997. Hence, taking 1997 as the break point, we divided the temporal variation into two periods and used linear regression for both significantly changed regions. Overall, the interannual SOS changed significantly before 1997 and with less volatility after 1997. Both SOS trends displayed a weak increase with almost the same slope (slope = 0.14 and 0.16, p < 0.01) before 1997. However, the decreasing region exhibited a descending trend, and the increasing region exhibited a relatively fast increase (slope = −0.16 and 0.26, p < 0.01, respectively). 
The previous Section 3.2 exhibited the spatial distribution of three types of trends: A significant increase, a significant decrease, and an insignificant change. To further understand the characteristics of temporal change, we present the interannual variation of the different trend zones ( Figure 6 ). Through piecewise regression, we determined that the turning point occurred around 1997. Figure 6a depicts the interannual SOS variation of each region from 1982 to 2015. The whole area showed a slightly significantly decreasing trend (−0.067 d/decade, p < 0.05, not marked in the figure) . Notably, the increasing trend's SOS (green line) occurred earlier than the decreasing trend's SOS before 1997, but was later after 1997. Hence, taking 1997 as the break point, we divided the temporal variation into two periods and used linear regression for both significantly changed regions. Overall, the interannual SOS changed significantly before 1997 and with less volatility after 1997. Both SOS trends displayed a weak increase with almost the same slope (slope = 0.14 and 0.16, p < 0.01) before 1997. However, the decreasing region exhibited a descending trend, and the increasing region exhibited a relatively fast increase (slope = −0.16 and 0.26, p < 0.01, respectively).
The EOS interannual variation was similar to the SOS, which showed a higher average for the decreasing region than the increasing region before 2000, which reversed after 2000. Both the increasing and decreasing regions experienced no significant trends before 1997 (slope = −0.03 and 0.05, p = 0.86, and 0.22, respectively), but showed significant trends after 1997 (slope = −0.37 and 0.26, p < 0.01, respectively). Unlike SOS, the whole area showed no significant trend (Figure 6b ). The EOS interannual variation was similar to the SOS, which showed a higher average for the decreasing region than the increasing region before 2000, which reversed after 2000. Both the increasing and decreasing regions experienced no significant trends before 1997 (slope = −0.03 and 0.05, p = 0.86, and 0.22, respectively), but showed significant trends after 1997 (slope = −0.37 and 0.26, p < 0.01, respectively). Unlike SOS, the whole area showed no significant trend (Figure 6b ).
Quantitative Relationships between NPP and Phenology
A temporal correlation analysis between phenology and NPP was performed at each pixel over the study area. Figure 7a presents the spatial distribution of the correlation between SOS and annual NPP. The majority of pixels exhibit positive correlations, accounting for 74.2% of the area, suggesting that a delayed SOS generally caused an incremental NPP in the current year, and vice versa; therein, the significant correlation pixels were almost positive (24% of the total pixels were significant) and mainly occurred in the north of the study area, such as the west of Hulunbuir and the northeast of Xilin Gol. Compared with SOS, there was a strong spatial heterogeneity throughout the whole area for the relationship between EOS and annual NPP (Figure 7b ). The number of positive and negative pixels were almost equal and were scattered throughout the whole region, and the same was true for the significant region (5.2% and 6.0%, respectively). The significant negative pixels scattered in the northern part and southern edge of the study area were significantly positive in the middle. The pattern of the significant correlation between LOS and NPP is similar to that of EOS and NPP, but the northern negative area appears more collective (Figure 7c ). 
Discussion
Phenology Spatial Pattern and Changes
In this study, we revealed the spatial patterns of phenology (SOS, EOS, LOS) in the northern temperate grasslands of China, which exhibit spatial heterogeneity across the entire study area (Figure 4) . The overall spatial distributions of the annual mean SOS and EOS are generally consistent with the in situ observations [42] and other satellite monitors [6, 43] ; however, some results with regional characteristics were obtained over a long-term period (i.e., . Many studies have reported the earlier tendency of SOS or delayed EOS in various regions of the world under global climate change, with the special characteristic of rising temperature [1, [44] [45] [46] [47] . Liu and Piao [48, 49] suggested that the average SOS in the entire northern hemisphere advanced with a weak trend of 2.1 d/decade over the period 1982-2011. However, the spatial patterns of these trends were heterogeneous, with a 75% advanced area and a 25% delayed area. In our study area, the average advanced SOS trends were less than those of the entire northern hemisphere, but the northern part of the study area displayed a relatively higher trend, and the clustered delayed SOS region was mainly located in Xilin Gol. This situation was determined via in situ observation. Liu [50] and Wang [51] revealed that the divergent directions of grassland phenological changes under climate change and the SOS of dominant species grass in Xilinhot showed a significant delayed trend during 1982-2011.
The trends in both the SOS and EOS of the whole region appeared to weakly advance during 1982-2015. These results are consistent with previous studies on the changes of phenology in the 
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Phenology Spatial Pattern and Changes
In this study, we revealed the spatial patterns of phenology (SOS, EOS, LOS) in the northern temperate grasslands of China, which exhibit spatial heterogeneity across the entire study area (Figure 4) . The overall spatial distributions of the annual mean SOS and EOS are generally consistent with the in situ observations [42] and other satellite monitors [6, 43] ; however, some results with regional characteristics were obtained over a long-term period (i.e., 1982-2015). Many studies have reported the earlier tendency of SOS or delayed EOS in various regions of the world under global climate change, with the special characteristic of rising temperature [1, [44] [45] [46] [47] . Liu and Piao [48, 49] suggested that the average SOS in the entire northern hemisphere advanced with a weak trend of 2.1 d/decade over the period 1982-2011. However, the spatial patterns of these trends were heterogeneous, with a 75% advanced area and a 25% delayed area. In our study area, the average advanced SOS trends were less than those of the entire northern hemisphere, but the northern part of the study area displayed a relatively higher trend, and the clustered delayed SOS region was mainly located in Xilin Gol. This situation was determined via in situ observation. Liu [50] and Wang [51] revealed that the divergent directions of grassland phenological changes under climate change and the SOS of dominant species grass in Xilinhot showed a significant delayed trend during 1982-2011.
The trends in both the SOS and EOS of the whole region appeared to weakly advance during 1982-2015. These results are consistent with previous studies on the changes of phenology in the Mongolian region [52, 53] . Through piecewise linear regression on the different regions of change for SOS and EOS, we found that a dramatic trend for grassland phenology emerged around 1997, while there was no obvious trend previously observed. The turning point for the different regions' trends (increases and decreases) occurred around 1997, which agrees with the changes of phenology in middle and eastern Eurasia [54] . Subsequently, continuous trends in the opposite directions reversed the average SOS/EOS in the different trend regions. This suggests that outstanding changes in phenology will alter the spatial patterns of the phenology. Thus, local phenological change details could be ignored when only checking the trends of the whole area because continuous trends in the opposite directions might offset each other. Phenology depends on vegetation type and other complex environmental factors. A further time-series analysis, which addresses the dynamics of phenology, is challenging because phenology possesses spatial heterogeneity.
NPP Response to Phenology
We investigated the relationship between phenology and NPP in the current year and found that among three phenology metrics, the SOS had the closest relation to NPP. SOS experienced the majority of the positive correlation, which means that a delayed SOS indicated a higher NPP in the current year, and vice versa. Compared to SOS, the NPP relationships between EOS and LOS were not as obvious as SOS (Figure 7 ). Some pixels in the north of the study area exhibited a significant negative correlation between NPP and LOS, which means a higher annual NPP with a shortened LOS. In general, that a prolonged duration of the vegetation's growing season enhances NPP is conventionally assumed, because more days are possible for photosynthesis and accumulating biomass [5] . Some previous studies confirmed this assumption, showing that NPP increased the coupled growing season length with a rate range of 0.3-1.03% per day on a continental scale [15, 17, 55, 56] . However, some recent studies have provided opposite results that prolonged LOS reduces productivity in some ecosystems, which is attributed to concurrent increases in plant respiration [57] [58] [59] . In this study, we suggest that the relationship between NPP and LOS illustrates strong regional characteristics.
Phenology and NPP are obviously influenced by meteorological environmental factors, such as temperature, precipitation, and solar radiation (among which temperature and precipitation were considered the most important and were chosen as variables to explore vegetation growth because radiation is not as important a factor as others). SOS is mainly influenced by preseason weather conditions. In terms of climate, we assumed that SOS delays/advances related to the weather influenced the NPP increase/decrease in the current year's growing season. Therefore, we further examined the relationship between meteorological factors and SOS. Considering that summer NPP accounts for more than 70% of the annual NPP, while the spring and autumn NPPs account for the remaining proportions [52, 60] , we checked the relationship between the climate factor and SOS in June, July, August, and September. Notably, the pixels where the SOS significantly positively correlated with precipitation and negatively correlated with temperature in the summer months (June, July, and August) were generally consistent with the pixels where the SOS correlated with NPP ( Figure 8 ). In fact, grassland growth strongly depends on precipitation in arid and semi-arid areas, especially in summer, which is the peak growing time when the temperatures are hottest. However, lower temperatures in the summer benefit grass growth because they reduce evapotranspiration and keep the stomata aperture open for CO 2 , while maintaining the adequate enzyme activity required for photosynthesis. This could explain why temperatures exhibited a negative relationship to SOS, while NPP was positive ( Figure 8 ). Temperature variation influences phenology through multiple pathways [61] [62] [63] [64] . It is generally recognized that temperature increases in spring before SOS causes the effective accumulative temperature to reach seed germination and leaf unfolding ahead of time [64, 65] . Meanwhile, photosynthetic uptake is generally temperature limited, and warming can enhanced grass growth and greenness [66, 67] . On the contrary, temperature increases in the winter will delay the SOS by weakening the chilling shock effect, which is a requirement of the breaking bud dormancy [62, 68] . On the other hand, temperature affects phenology via an indirect pathway, through which the higher temperatures in spring expedite evapotranspiration, causing water stress in arid and semi-arid grassland [69, 70] . In this study area, most pixels showed that SOS was positively correlated with the temperature in April, which indicates a higher temperature delayed SOS. This delay is attributed to the higher temperatures resulting in soil water stress. Previous studies have recognized that spring rainfall is the trigger for grassland green-up, which could be evidence of higher temperature restrained SOS. Some meteorological studies revealed that reducing soil moisture to increase surface temperature increases the land-sea temperature gradient and produces a cyclonic anomaly, which enhances the summer monsoon, thereby resulting in more rainfall [71, 72] . This could explain why SOS showed a positive correlation with summer precipitation. Thus, although the delayed SOS reduced spring NPP, the growth promoted by sufficient rainfall in the summer can compensate for the loss NPP in spring. Meanwhile, lower temperatures in the summer facilitate grass growth. This result serves as a theoretical guideline for the treatment of grazing planning and the rational utilization of grassland resources. Temperature variation influences phenology through multiple pathways [61] [62] [63] [64] . It is generally recognized that temperature increases in spring before SOS causes the effective accumulative temperature to reach seed germination and leaf unfolding ahead of time [64, 65] . Meanwhile, photosynthetic uptake is generally temperature limited, and warming can enhanced grass growth and greenness [66, 67] . On the contrary, temperature increases in the winter will delay the SOS by weakening the chilling shock effect, which is a requirement of the breaking bud dormancy [62, 68] . On the other hand, temperature affects phenology via an indirect pathway, through which the higher temperatures in spring expedite evapotranspiration, causing water stress in arid and semi-arid grassland [69, 70] . In this study area, most pixels showed that SOS was positively correlated with the temperature in April, which indicates a higher temperature delayed SOS. This delay is attributed to the higher temperatures resulting in soil water stress. Previous studies have recognized that spring rainfall is the trigger for grassland green-up, which could be evidence of higher temperature restrained SOS. Some meteorological studies revealed that reducing soil moisture to increase surface temperature increases the land-sea temperature gradient and produces a cyclonic anomaly, which enhances the summer monsoon, thereby resulting in more rainfall [71, 72] . This could explain why SOS showed a positive correlation with summer precipitation. Thus, although the delayed SOS reduced spring NPP, the growth promoted by sufficient rainfall in the summer can compensate for the loss NPP in spring. Meanwhile, lower temperatures in the summer facilitate grass growth. This result serves as a theoretical guideline for the treatment of grazing planning and the rational utilization of grassland resources.
Uncertainty and Expectations
Remote sensing-based techniques are able to successfully monitor large-scale ecosystem changes and have been frequently applied in recent years [18, 73] , but there are some uncertainties along with the data management in this study. GIMMS datasets possess long-time-series observation records for land surface changes as a benefit, but their rough spatial resolution (0.5 degree, about 8 km) is too large to match the field investigation because vegetation phenology varies with vegetation type and soil texture, even in an 8 km-pixel area. In addition, there is a lack of long time-series stable ground observations of phenology for the whole study area, thereby preventing us from setting a suitable targeted threshold for different grassland regions. These constraints have forced us to calculate the phenology by the sole threshold value. However, the data of the threshold method may not completely match those of conventional field-observed phenological events, but rather express indicators of vegetation greenness dynamics [74] . From this perspective, SOS estimation is relatively more accurate than EOS when using the threshold method, because grassland vegetation maintains a certain level of greenness, even when the growth has stopped at the senescence phase [75] . Recent studies reported that EOS may make more contribution than SOS to prolonging/shortening the growing season length, which highlights the need to model EOS. Thus, there are several ways to improve the accuracy of vegetation phenology extraction: A field investigation corresponding with high resolution satellite sensors, such as Moderate Resolution Imaging Spectroradiometer (MODIS), with a 1 km or 500 m resolution, fused with a rough resolution NDVI [76] ; or gathering the best threshold for the targeted region and applying different thresholds in different zones, so the NDVI phenology of the whole area will be more accurate.
Conclusions
In this study, using GIMMS-3g NDVI and meteorological data, we detected the spatial pattern and changes in phenology and NPP from 1982 to 2015 on the temperate grassland of China, and further investigated interannual variation and trends. Then, we analyzed the relationship between the NPP and phenological dynamics on a spatial scale. More than half of the study area displayed significant changes in the phenology and NPP over the past 34 years, and the trends exhibited spatial heterogeneity. Based on examining the interannual variations of the different trends' pixels, we found that the phenology presented obvious trends after 1997, while no significant changes were found previously. The SOS correlated strongly with the NPP during the same year, especially in the drought inland area, because a drought-caused delayed SOS is always associated with a strong summer monsoon, which produces greater precipitation in summer. Therefore, SOS is an important indicator to predict the current year's NPP, which provides a reference for local pasture husbandry.
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